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ABSTRACT
Smarthome accessories are rapidly becoming more popular. Although many companies are making devices
to take advantage of this market, most of the created smart devices are actually unintelligent. Currently,
these smart home devices require meticulous, tedious configuration to get any sort of enhanced usability over
their analog counterparts. We propose building a general model using machine learning and data science
to automatically learn a user’s smart accessory usage to predict their configuration. We have identified the
requirements, collected data, recognized the risks, implemented the system, and have met the goals we set
out to accomplish.
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Chapter 1
Problem Statement
As we enter into the 21st century, a variety of technical advancements surrounding computers have hit the
mainstream. Personal computers, smartphones, and other assorted devices are now deeply integrated into
people’s lives. With the rapid growth of computing power and development of better wireless technologies,
a new category of gadgets known as, “smart home” accessories have started entering into the mainstream
market. There are light bulbs, thermostats, locks, and other home appliances with wireless connectivity that
can be controlled by other devices, like smartphones or computers. Naturally, when people think about home
automation, the intelligence of the home should scale with the number of connected accessories. However,
these accessories require input from users to work, and coordination between devices must be done manually.
This essentially makes these devices the same as their non-smart counterparts, except the smart devices must
be controlled electronically. By adding more smart home accessories to a home, the intelligence and control
over the home is actually not improved.
Several attempts have been made to remedy this issue. There are user-facing products, such as smart
home mobile apps, that provide basic rule and schedule systems. This class of systems allows users to create
automation rules for their home, but setting up such a system is often a tedious and cumbersome process,
requiring manual input of times to turn devices on and off. This complex setup process also scares away
potential customers that are not technically proficient. There have been some attempts to create better
intelligence for these accessories, but all these solutions require users to own a specific accessory from a
specific manufacturer. For example, there is Nest’s, “Work with Nest” program. This program promises
seamless integrations between a select set of accessories, but very often the user may own accessories in the
same category (like light bulbs) but from different manufacturers, which prevents them from benefiting from
the program. The “Work with Nest” program, and others like it, are highly dependent on these hardware
manufacturers. However, these hardware manufacturers are often not willing to do extra work to support
other platforms. This creates a frustrating user experience with home automation which ultimately does not
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improve a user’s home experience.
In recent years, influential companies such as Apple and Google have attempted to promote a common,
abstracted protocol for communication between smart home accessories. With this protocol we believe we can
create a generic backend system that can provide better home intelligence among all smart home accessories.
We propose a model which can coordinates all smart home accessories and provide intelligence suggestions
based on past usage data using machine learning techniques to create a better and simpler home automation
experience. Using this model, we can create a backend system that can interface with user-facing products,
from smartphone apps to websites. The system we’re proposing will be scalable and expansible, since we only
need to create a suggestion model based on abstracted accessories. Thus, this model will cover all accessories
in each category, instead of only applying to specific products. Even with new products, our system will be
able to intelligently recommend configurations based on existing products in the same category. Simplifying
the home automation experience will open up the market to users who may not be technically proficient,
and improve the experience for current smart home accessory owners. Smart home devices are a new and
exciting market, and we believe our system will allow more people to benefit from the new technologies and
truly make a difference in people’s lives.
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Chapter 2
Project Requirements
The best way to describe a software project’s objectives and the steps needed for completion are to
describe the project’s requirements. The requirements describe exactly what a project entails. There are
three types of requirements. Functional requirements are criteria that describe what exactly the system
itself must do. Non-functional requirements, on the other hand, are focused around describing the manner
in which the functional requirements must be achieved. For these two types of requirements, there is also a
degree to how important they are to the success of a project. Critical requirements are criteria that must
be done for the project to be considered complete. Recommended requirements are criteria that, although
not strictly required for the completion of the project, greatly improve the functionality or usability. Finally,
there are suggested requirements that, although would help improve the project, are the lowest priority
behind the critical and recommended requirements.
Functional Requirements
• Critical Requirements
– The system will recommend new automation suggestions based on user’s past usage with acces-
sories
– The system will provide personalized suggestions for each user
– The system will continuously evolve based on user’s activities
• Recommended Requirements
– The system will try to provide suggestions that conserve energy
– The system will adapt to work with new accessories
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Non-Functional Requirements
• Critical Requirements
– The system will be secure so that a user’s preferences cannot be obtained by third parties
– The suggestion engine should be portable and can be run directly on mobile device with relatively
low energy usage
• Recommended Requirements
– The system will be integrated with existing applications
4
Chapter 3
Use Cases
In this section, sample use cases in our system are described. Use cases are used to validate that the
requirements have sufficient coverage of the system, and later that our designs address the use cases that are
central to using our system.
3.1 Update Data
Goal: The goal of this use case is to submit user’s historical data to the service for further processing.
Actors: User.
Pre-Conditions:
• None
Steps:
1. Agree to share usage data with the service.
2. Application start transfer data to the service.
Post-Conditions:
• The System will start analyze the data and prepare for making suggestions.
Exceptions:
• Network error will cause submission failure. A retry will occur when network becomes available again.
3.2 Browse Suggestions
Goal: The goal of this use case is to show user the suggestions the system created based on user’s past usage
data.
5
Actors: User.
Pre-Conditions:
• User needs to share the usage data with the service.
Steps:
1. Open the suggestions view in automation creation section.
2. Browse suggestions.
Post-Conditions:
• User will accept, adjust or reject the suggestions.
Exceptions:
• Lack of historical data will cause system fail to provide suggestions.
3.3 Submit Feedback
Goal: The goal of this use case is to collect data to determine the accuracy of the provided suggestions.
Actors: User.
Pre-Conditions:
• User needs to share the usage data with the service.
Steps:
1. When user choose to accept, adjust or reject suggestions, collect user’s choice.
2. Present a feedback view asking user if the suggestion is useful or not.
Post-Conditions:
• The service will have data to further improve the suggestion model.
Exceptions:
• False feedback may reduce the accuracy of suggestions.
6
Chapter 4
System Architecture
For this project, we picked the client-server architecture (Figure 4.1). The client (application) is respon-
sible to control the smart home accessories, compute suggestion based on data on local device and surface
the suggestions. The server will handle most of heavy computational tasks like model training and analyze
context of the events for future suggestion improvements.
On the iOS side (application), the event observer is responsible for tracking users’ activities in the home.
This includes location changes, sensor value changes, and accessory state changes. Those events will be
stored in a local event database so the recommendation engine can use those events to compute suggestions.
If user decides to join the data collection program, a periodic sync process happens that uploads accessory
related events to the global event database in the server so the system can improve the accuracy of the
suggestions in the future.
The server contains several components: a context analyzer, a feedback handler, and the global event
database. The context analyzer will periodically evaluate events collected in global event database and detect
if a significant schedule shift occurs that requires the update of the bundled suggestion model in the iOS
application. The feedback handler is responsible for logging user’s feedback on surfaced suggestions so we
can have a better understanding on the accuracy of the suggestions. The global event storage is a general
database that will be used to store all events submitted by client.
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Figure 4.1: System Architecture
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Chapter 5
Activity Diagram
Figure 5.1 shows the activity diagram of this project. A user will start controlling their smart home
accessories with our iOS application and then the suggestion engine will analyze their usage and provide
suggestions.
Once the suggestion engine finishes analyzing the historical events, the engine will try to generate sugges-
tions using the model derived from the usage data. The suggestions will be surfaced by the iOS application
for the user to view and, depending on the accuracy of the result, the user can either choose to accept the
suggestion or provide feedback on what is wrong with the suggestion.
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Figure 5.1: Activity Diagram
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Chapter 6
Technology Used
6.1 Technology used by server
• Scikit-learn
A simple machine learning library that will be used for initial baselines and experiments concerning
the prediction model.
• Python
A versatile scripting language commonly used in data science and machine learning. We will use it for
the development of the prediction model.
• PHP
A general-purpose scripting language used for web development. We used the language to write the
server side logic to handle API requests.
• MySQL
A relational database that allows server to store events and generated models.
6.2 Technology used by iOS application
• Swift
A programming language introduced by Apple for creating software on iOS platform.
• HomeKit
Apple’s home connectivity framework for smart home accessories. The framework supports HomeKit
Accessory Protocol and provides abstracted layer between physical accessory and logical representation.
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Chapter 7
Design Rationale
For the iOS application to collect data and control smart home accessories, we decided to integrate with
Apple’s HomeKit to provide such functionality. HomeKit is a software framework and a hardware ecosystem
which allows developers creating iOS applications to control accessories that implemented the HomeKit
Accessory Protocol. We picked HomeKit mainly for it’s abstraction between logical representation of device
and physical device. Using HomeKit allows us to design a model that works with a particular category of
accessories (like light bulb) and all accessories that declared in this category can benefit from the model we
created.
We decided to make the suggestion engine portable and lightweight so it can run directly on iOS device.
We understand the importance of privacy in the area of home automation, and by not involving server in
the suggestion generation process, it reduces the complexity for data handling on the server and encourages
more people to try out the feature. This approach allows more users to benefit from this project without
sharing their personal activity data with us.
Python was used in studying the usage pattern and perform benchmark. We chose Python for this
purpose mainly because of its simplicity and the variety of libraries available to it. Many machine learning
frameworks and libraries, such as Tensorflow and Scikit-learn, are interfaced using Python. Additionally,
Python is a simple scripting language which will make development quick and easy.
12
Chapter 8
User Interface
To allow more people benefit from automation suggestion feature, we designed the user interface to focus
on clarity and simplicity.
Figure 8.1 shows the interface being presented to users when they open the newly added Explore section
in the app. It provides a list of curated automation suggestions which we think users will be interested
in. This allows people to discover new ways to use their smart home accessories and opens the door to
new interactions between accessories. Below the ”Feature” section is the ”For You” section, which surfaces
suggestions provided by the suggestion engine.
Figure 8.2 shows the detail page of the suggested automations. From here, users can view the suggestion
and add it to their configuration if they think it fits their schedule.
Figure 8.1: Main Explore Interface Figure 8.2: Suggestion Detail Interface
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Chapter 9
Suggestion Algorithm
After a few iterations of suggestion model development, we propose a Peak Based Model (PBM) for
coming up with automation suggestions from user’s past activity events.
PBM computes automation suggestion with the following steps:
• Construct accessory activity histogram
• Select special bins
• Merge bins & form clusters
• Determine triggers
• Group suggestions
9.1 Construct accessory activity histogram
To understand how users interact with smart home accessories, PBM first constructs activity histograms
for each accessory in the user’s home based on the time of day it is being used with 24 hour bins. For boolean
accessories (accessories with only two states: on and off), two histograms will be constructed, one for on
events and one for off events. Figure 9.1 shows a combined histogram for a light accessory from a particular
user.
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Figure 9.1: Combined histogram of a light accessory
9.2 Select special bins
After constructing the activity histogram, PBM will try to select bins that reflect user’s usage pattern.
This process is done by calculating the average number of events that occurred hourly as a baseline and
selecting bins with a number of events exceeding the baseline. This process allows PBM to ignore random
events that occurred during the day and mainly focuses on patterns that matters to the user.
9.3 Merge bins & form clusters
With the collection of special bins, PBM will then try to merge bins around special bins to form clusters.
When studying the usage data, we noticed that people’s schedules can have minor shifts due to a lot of
factors. Those shifts can potentially result in some of the events getting put to bins around the special bin
instead of the special bin itself. To have the best result of trigger detection, PBM will check the bins before
and next to the special bin and determine if the events from those bins actually belong to the special bin.
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This process is done by computing the average and standard deviation of the time that event occurs, and
check whether or not the value falls within the acceptable range for merge. After the merge process, those
special bins and merged bins will form clusters using the special bins as anchors.
9.4 Determine triggers
Once PBM has the clusters, it will try to determine what triggered the change of the cluster and therefore
the event itself. Currently, time, location, and day events (sunrise or sunset) are being considered in the
suggestion model. For each cluster, PBM will go through events in the cluster and query the location events
that happened during the time the change occurred, along with the offset between sunrise and sunset of that
day. PBM will then determine if the change event is associated with location event or special day event. If
none of these matches, it will consider the event as a time based event. After going through all events within
the cluster, PBM will check and determine what’s the trigger of the cluster based on what’s the majority
trigger of events within the trigger.
9.5 Group suggestions
PBM will perform the process above on all accessories in user’s home and then try to group suggestions
from different accessories based on its trigger reason. This allows PBM to provide suggestions that make more
sense to users since a group of actions is logically understandable to user compared to multiple suggestions
for different accessories all with same trigger event.
16
Chapter 10
Experimental Results
We launched our iOS application on Apple’s App Store in April 2016. Over the last 11 months, we have
collected about 9 million events from our users on how they use their accessories. Of those 9 million events,
around 5% are user initiated actions, like the user turning on a light using the app.
To understand how accurate PBM can be used to provide automation suggestions, we performed the
benchmark based on user initiated actions we collected.
The benchmark was conducted in the following steps:
• Pull all user initiated events that are associated with boolean type accessories from the global accessory
database
• Split up the events by user
• For each user, use 80% of their events to setup the PBM model for suggestions
• Use the remaining 20% of events to evaluate if PBM predicted the occurrence of the event
• Calculate the final score for the user
The final score is calculated by the following formula:
FinalScore = (1.0− ( Hs
24.0
)) ∗ (#Eventmatched
#Eventtotal
)
Where Hs is the number of hours being suggested by PBM for each accessory.
To compare with PBM, we designed a baseline model to suggest an automation for a given hour with a
random 50% probability.
Table 10.1 shows the results of the benchmark. Compared to the baseline model, PBM performances
around 2.7 times better on average and covers around 75% of the user’s future actions with it’s suggestion.
17
Model Type Low Avg High
Base On 0.0 0.262116 0.625
Base Off 0.0 0.299864 0.791667
PBM On 0.0 0.795872 0.983333
PBM Off 0.0 0.704799 0.96875
Table 10.1: Benchmark Result
18
Chapter 11
Review of Field Literature
In order to understand the current progress in home automation, we researched existing papers related
in this area. Based on the different types of approaches, we separated them in to 3 categories.
11.1 Pattern based clustering
Articles in this group use algorithms that creates clusters based on patterns in the data. Techniques used
in this group are easier to implement and can provide us a basic understanding of existing solutions.
Heierman, E.O., III, and D.J. Cook. “Improving Home Automation By Discovering Regularly Occurring
Device Usage Patterns.” Third IEEE International Conference On Data Mining (2003): 537. Publisher
Provided Full Text Searching File. Web. 24 Oct. 2016.
This research paper describes a smart home automation experiment that is similar to the one we intend
to do for our senior design project. We want to be able to find patterns in users’ smart home device us-
age, in order to recommend possible settings. This paper describes smart home devices as data streams,
and discusses using data mining techniques to detect patterns. Based on these patterns, they create an
“agent”, similar to our proposed model, which can intelligently predict device usage. Additionally, this
paper proposes methods to mitigate common issues with learning from this data, such as noise in the data
and the need to operate in real time. This article will be useful in learning the best way to collect the
device data, in addition to novel ways of recognizing patterns in device usage. We will consider the author’s
idea of using modified data mining techniques in conjunction with our neural network to have the best model.
Mickala Bourobou, Serge Thomas, and Yoo Younghwan. “User Activity Recognition In Smart Homes Using
Pattern Clustering Applied To Temporal ANN Algorithm.” Sensors (14248220) 15.5 (2015): 11953-
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11971. Academic Search Complete. Web. 23 Oct. 2016.
The article provides an approach to predict user’s activity at home using a hybrid solution which com-
bines pattern clustering and an activity decision algorithm. The article discusses the background of the
problem and the existing solutions to this problem. This information is very helpful for the planning of our
senior design project, since it covers a lot of topics in details and is aligned with our vision of the project.
The authors used an artificial neural network to handle pattern association and predication which covers
part of the project we are trying to do. With the knowledge from this paper, we believe we can save a lot
of time by building on top of existing researches and achieving a more ambitious goal in the end.
REAZ, Mamun Bin Ibne, and Mohd. Marufuzzaman. “Pattern Matching And Reinforcement Learning To
Predict The User Next Action Of Smart Home Device Usage.” Acta Technica Corvininesis - Bulletin Of
Engineering 6.3 (2013): 37. Publisher Provided Full Text Searching File. Web. 23 Oct. 2016.
The article describes a way to use reinforcement learning with reward feedback to improve the accuracy of
predication. In the article the author first describes the technique they used to construct a tree like pattern
graph and then talked about how to apply reinforcement feedback with the graph to improve the accuracy
of the model. This approach is interesting as it offers a different path to solve the problem. The pattern
based approach is easier to implement and is easier for people to understand the process compare to how
neural network works. We may consider adopt some techniques from this paper in our senior design project
if our neural network approach proves too complex.
11.2 Neural Network based approach
Articles in this group describe solutions using Neural Networks and Machine Learning to process the data
and generate predictions. Compared to the pattern based clustering, this approach can potentially produce
a more desirable outcome, but the implementation is complex and it can be hard to understand intermediate
steps.
Nesrine, Gouttaya, et al. “Improving The Proactive Recommendation In Smart Home Environments: An
Approach Based On Case Based Reasoning And BP-Neural Network.” International Journal Of Intel-
ligent Systems & Applications 7.7 (2015): 29-35. Applied Science & Technology Source. Web. 7 Oct.
2016.
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This journal article describes home automation in terms of a user’s context, both the high level theory
behind it, in addition to the technical implementation details. The authors have created a system which can
change the automation of one’s home based on context. This context allows the smart home system to both
assist the user proactively without manual configuration, and is also optimized to save energy. Given that
our senior design project will have a focus on changing behavior depending on a user’s actions, in addition to
a component on saving energy, this article should provide useful information, from theory to implementation.
Kabir, M. Humayun, M. Robiul Hoque, and Sung-Hyun Yang. “Development of a Smart Home Context-
aware Application: A Machine Learning Based Approach.” IJSH International Journal of Smart Home
9.1 (2015): 217-26. Web.
This scholarly journal article provides an approach to do perform reinforcement learning in the field of
home automation. It’s discussed how context-awareness should be integrated with creating a smart home
experience. The authors are electrical engineering professors from Kwangwoon University, Republic of Ko-
rea. They proposed a system using a wide range of sensors in the home to sense the environment and then
using the feedback mechanism they built to generate outcome to control other accessories in the home. The
authors discussed about the rule based engine and how machine learning and reinforce mechanism can be
used to improve the result of such system. We intend to use machine learning in our senior design project,
and this article be a strong reference.
Sook-Ling Chua, Stephen Marsland, and Hans Guesgen. “A Supervised Learning Approach For Behaviour
Recognition In Smart Homes.” Journal Of Ambient Intelligence & Smart Environments 8.3 (2016): 259-
271. Applied Science & Technology Source. Web. 7 Oct. 2016.
This journal article describes how to automate a home based on a user’s behavior. The paper describes
how a home automation system can be used to detect abnormalities and possible danger. This allows a
home system to become more secure. Additionally, with user profiling techniques, more about the user’s
habits or preferences can be inferred from their behavior. The paper details their algorithm and results
with real user testing. Our senior design project, although more focusing on making smart home devices
more usable through automation, can benefit from understanding possible security-centric applications of
our model. Additionally, real user testing is invaluable to us, as our project’s success is measured by how
helpful the system is to human users.
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Vzquez, Flix Iglesias, Wolfgang Kastner, and Mario Kofler. “Holistic Smart Homes For Air Quality And
Thermal Comfort.” Intelligent Decision Technologies 7.1 (2013): 23-43. Applied Science & Technology
Source. Web. 23 Oct. 2016.
This paper discusses creating an intelligent system that controls home appliances in a way that balances
thermal comfort and energy efficacy. As energy conservation plays a major role in our plan for senior design,
this paper is really helpful for us to understand the correlation between thermal characteristics and energy
consumption. By learning the techniques used in this paper, we can design the system based on existing
researches and proceed further to better improve the performance of the system and reduce the complexity
of the system.
11.3 Others
Articles in this group talk about the general idea of Home Automation and what kind of experience
people should focus on when implementing such a system.
Brush, A. J. B., et al. “Home Automation In The Wild: Challenges And Opportunities.” Chi - Conference
3.(2011): 2115-2124.British Library Document Supply Centre Inside Serials & Conference Proceedings.
Web. 24 Oct. 2016.
This article describes research into how people interact with smart home devices. These researchers
conducted 14 home visits to households which had a significant amount of automation. At each of these
home visits, the researchers conducted interviews with the members of the household and came to several
conclusions about the long term experience of having home automation. The conclusions the researchers
came to were the realization of the main barriers to more widespread smart home devices. The barriers they
proposed are high cost of ownership, inflexibility, poor manageability, and lack of security. Considering the
point of smart home devices is to make life easier and better for their users, it makes sense to understand
what is currently getting in the way of that. For our senior design project, we will keep all these consid-
erations in mind. Part of the point of our project is to make home automation easier and better, and this
article provides concrete pain points of current models, which we can fix.
Das, SK, et al. “The Role Of Prediction Algorithms In The Mavhome Smart Home Architecture.” IEEE
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Wireless Communications 9.6 (n.d.): 77-84. Science Citation Index. Web. 24 Oct. 2016.
This article describes a novel smart home architecture known as MavHome. This architecture, similar
to what we want to do for our senior design project, is centered around creating a smart home automation
system. More specifically, the MavHome architecture is centered around maximizing comfort of the users
whilst minimizing the operational cost. Given that the goal of our senior design project is to create a system
which can help automate smart home devices with similar parameters, this article will prove useful. Although
the technologies this article users are different from those we have planned on using, it is valuable to have
a benchmark for our results. Additionally, this article experiments with using synthetic data, or data that
was computer generated, not generated by users. This can also prove useful in the event that we need more
data. This article provides information useful not only in the construction of our model, but also in testing
it.
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Chapter 12
Ethical Analysis
12.1 Introduction
Each engineering discipline has a set of ethical guidelines that one must follow to be an ethical, professional
engineer. Thus, every engineering project, no matter how large or small, has some ethical considerations.
Each of these considerations must be addressed to ensure the project will foster good will, do no harm, and
ultimately benefit a group or multiple groups of people. Our Senior Design project is a a project based on
home automation. Using and configuring smart home devices is currently a tedious process, requiring users
to manually input the specific times they want their devices to be operational. Our project intends to change
this by predicting a users device pattern from the users previous device usage. This means my project will
have software directly effecting the real world through hardware components, such as smart lights, smart
outlets, and smart thermostats, as well as employ data mining techniques on users data. Although on the
surface software projects may seem harmless, there are various team, organizational, social, and product
ethics that must be analyzed.
12.2 Team and Organizational Ethics
Team and organizational ethics analyze the group creating the project, rather than the project itself.
This focuses on whether the people working on the project are acting ethically, as well as if the organization
they are following is being ethical. This can include ensuring the organization is following the established
ethical standards for whichever product they are working on, as well as making sure the team within the
organization has their own personal or professional code of ethics they are also following.
12.2.1 Team
The team for this project involves Alex Choulos, Tian Zhang, and adviser, Dr. Yi Fang. As the group is
quite small, it should be simple to ensure the team is acting ethically both in the creation of the project and
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between each other. Tian and Alex have known each other for nearly 5 years, and maintain a very open line
of communication. Additionally, Tian and Alex have taken classes with Dr. Fang and are very comfortable
speaking to him. Alex and Tian have also taken ENGR 19: Engineering Ethics, and are confident in their
personal code of ethics. Although very unlikely, if the project begins to start prioritizing the gathering of data
and the machine learning algorithm over the interests of our users, Tian and Alex will walk away. However,
overall, the project and team is ethically minded, constructive and should make the home automation space
better for both consumers and manufacturers.
12.2.2 Organizational
The organization we are working under and are potentially funded by would be Santa Clara University.
Santa Clara University has a commitment to ethical uses of technology, and would not sponsor a project
that is unethical. The team will maintain open communication to the university through the adviser to
ensure they are using any possible funds from the school exactly as outlined in the funding request to avoid
any complications. Additionally, the team will speak up in the case there is an ethical concern with the
university.
12.3 Social Ethics
The team has an ethical duty to their users to make sure the recommendations are helpful to the users,
as well as to ensure the user’s data is being protected. However, personal information can easily spread
and be manipulated by 3rd parties through the Internet. First, we will make sure to let the users know
whether the team is collecting their data, and give users the option to opt in or out. If users opt in, the
team will be transparent in our usage of the data, and restrict it only to enhancing the users experience.
The ramifications of the product should be very positive. Only in the cases there is some sort of security risk
could there be any negative ramifications. However, even if the data is hacked, it will be encrypted and will
cause minimal actual leakage to 3rd parties. Additionally, the users home systems will not be controllable
by the system. The only way to control the user’s accessories is through their personal devices, which have
significant security.
12.4 Product Ethics
The product ethics are centered around integrity of the team’s research and product design. The first
consideration will be the integrity of the data the team is using to train the machine learning model. The
data used is mined directly from a product the team has already created and put on the Apple app store. The
app was tested extensively before deployment, and the team is confident the data collected is accurate. For
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the project itself, the main product aspect of ethical consideration will be the machine learning model and
its ability to predict smart device usage patterns. To ensure this integrity, Alex and Tian will be checking
in with their adviser, Dr. Yi Fang, with all of the progress. Alex and Tian will also be writing tests for the
code to confirm that any changes we make to our algorithm do not damage the rest of the system. Testing is
a key part of ethical software development, as it helps to ensure the code is correct. Additionally, when the
project is complete, the algorithm used will be a part of the thesis paper, and thus, will be easy to confirm
for any 3rd party researchers. We will be sure to disclose the results and process of reaching said results to
benefit the smart accessory industry as a whole. The team may also disclose the data used for training the
model, but in that case, the data will be anonymized first. Additionally, as the project is almost entirely
software based, there are no physical safety risks involved in the development of the project.
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Chapter 13
Development Timeline
Figure 13.1 is the project development timeline. Alex Choulos is primarily responsible for designing the
suggestion engine and prediction model. Tian Zhang is mostly responsible for creating the iOS application
and integrate the application with the suggestion model. This timeline shows which team member is assigned
to work on each component of our system.
27
F
ig
u
re
1
3
.1
:
D
ev
el
o
p
m
en
t
T
im
el
in
e
28
Chapter 14
Test Plan
The test plan for this project mainly focused on testing the accuracy of the suggestions generated by the
suggestion engine. The test was done in two phases.
14.1 Alpha Testing
During this phase, we tested the implementation of the system by splitting sample data from user to
two segments. The system uses first segment of data to create suggestion model and then we will perform
benchmark on the model with second segment as verification. Also in this phase, all team members tries to
live on with a special pre-release build of the iOS application which allows the team to test how accurate
the suggestion is in real life.
14.2 Beta Testing
After finishing Alpha testing, we plan to roll-out the suggestion feature in the iOS application as public
beta in June 2017. During this phase, we will invite users of our iOS application to try out the suggestion
feature and collect their feedback on the accuracy of the model and make necessary changes to ensure the
suggestions are useful and relatively accurate.
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Chapter 15
Risks and Mitigations
With any software project comes risks in development. Table 15.1 outlining the most prominent issues
that may occur during the course of our project. The risk describes the issue at hand, followed by the
consequences to the productivity of the project. The probability is the probability said risk occurs, and the
severity is how badly the event affects the project, if it does happen. The overall impact is an aggregate of
the probability and severity, and the mitigation strategies are strategies that can be used to mitigate the
probability of the risk occurring. Note that the only risks listed are ones we have the potential to mitigate.
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Risk Consequences Probability Severity Impact Mitigation Strategies
Machine
Learning
Model does
not converge
Fall behind
on schedule
0.5 9 4.5
• Run basic experiments on a vari-
ety of models.
• Gather and add as many features
as possible.
Seasonal
Sickness
Delay in
Development
Schedule
0.6 6 3.6
• Plan the development schedule
with sufficient tolerance.
• Be prepared with weather
changes.
Time running
out
Fail to
deliver the
project
0.2 9 1.8
• Keep track of the development
progress.
• Better communication within the
team.
Misunderstood
Technical
Stack
Delay in
Development
Schedule
0.3 4 1.2
• Read documentation closely.
• Thoroughly plan actual imple-
mentation (function signatures,
modules, etc).
Member
absence
Delay in
Development
Schedule
0.1 7 0.7
• Plan backup for each task being
assigned to a member.
• Better coordination with mem-
bers in the team.
Table 15.1: Risk Analysis
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Chapter 16
Conclusion
We believe that technological developments should improves people’s daily lives. With this project, we
hope it can lower the barrier for people to start trying out smart home accessories and gradually introduce
home automation to a wider range of people. While our Peak Based Model is far from prefect, we think it
is an important step that leads to the future development of home automation. In this chapter, we would
like to reflect on some of the challenges we experienced in developing this project and discuss the future
direction of the project.
16.1 Challenges Faced and Lessons Learned
Throughout the duration of this project, the authors faced several difficult technical challenges. In this
section, we hope to highlight some of the challenges we faced and the lessons we learned while working
on this project. The three largest problems we faced during this project was finding data to create our
recommendation, finding which recommendation algorithm was most effective, and additionally dealing with
the shortcomings of our abstraction layer HomeKit.
The first challenge was actually gathering the smart home accessory data. Although other fields such
as Computer Vision have the luxury of standard data sets, smart home accessories does not. Given the
relatively new nature of smart home devices, there were not any substantial publicly available data sets
for us to use at all. To remedy this problem, as previously mentioned, we collected our own data set for
training. Although this was successful, and we were able to get enough data to create our model, it was a
time consuming process and a large unknown during the initial phases of our project.
Another difficult challenge was with our chosen abstraction layer, HomeKit. Although HomeKit is a well
supported framework being developed by Apple themselves for the iPhone, during the development of this
project it was in its early stages. This caused many difficulties in our project due to bugs in the framework
itself. Due to diligent work by our group, we were able to report these bugs to Apple and resolve them so
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our project could continue smoothly. Ultimately we learned that sometimes even big name SDKs still can
have issues, and that reporting bugs can be quite effective if done right.
The final large challenge we faced was actually creating the recommendation algorithm that adapts to a
user’s interactions with their smart home devices. Finding the right algorithm involved a lot of trial and error
with different classical machine learning algorithms and data visualization. Several generic models, including
linear regression, logistic regression, and nearest neighbors, were experimented with, but ultimately did not
meet our standards. Eventually, we came to the conclusion we needed to create our own custom algorithm
for this problem, given the data set we had available. After discussion with our advisor, we came to our final
Peak Based Model and iterated upon it until it had satisfactory results. We learned a lot about different
ways to represent data, how to model user behavior, and that sometimes even classical machine learning
methods are not enough.
The authors of this thesis faced several difficult challenges during the development of this project. How-
ever, due to their perseverance and through the help of their advisor Dr. Yi Fang, these problems were
overcome and the authors are more knowledgeable as a result.
16.2 Future Plan
There are a few directions we think it’s possible but didn’t pursue due to the time limitation and resource
constraints. In the future, to improve the accuracy and coverage of automation suggestions, we will try to
work in the following areas.
16.2.1 Adaptive Model with User Feedback
Currently, after our suggestion engine produces suggestions for a user based on their past activities,
users can either choose to accept it or reject it and send feedback. The feedback data is not actively being
used to tweak the suggestion model, however. In the future, we would like to have suggestion engine take
those feedback into consideration and update related parameters for the suggestion model so the outcome
suggestions will be favorable for the user.
16.2.2 Context-aware Trigger Detection
In the existing implementation, only time, location, and special day events are being considered for trigger
detection. While it produces a result that is relatively useful, we believe it is important for the engine to
understand the context of the house, such as sensor states, and associate triggers with those context. For
example, without the context, the algorithm (PBM) may determines the user always want to turn on the
light 30 minutes after the sunset while the actual situation is that the user turns on the light when the
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brightness in the home falls below a certain threshold. By taking sensor states into consideration, we believe
the trigger detection will make more sense to users and resulted in improved accuracy.
16.2.3 Support for Non-Boolean Accessories
With the current implementation of the system, we only handled accessories with boolean state, such
as on/off, locked/unlocked. There are more smart home accessories on the market that have non-boolean
states, like thermostats and humidifiers. In the future, we would like to expand the system to support those
accessories in a way that can figure out the favorable values for those states. For example, linear regression
might be used to figure out what is a user’s preferred room temperature and humidity and then have the
suggestion engine provide suggestions that balance comfort and energy usage.
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